Ao Turning optimal clasifiers’

EuCAIFCon 2024 ~ Into anomaly detectors
ﬂnotivation DarkMachines dataset \

. The most powerful architectures for supervised classification learn the physical information = Open data: dataset from anomaly score challenge [1].
more efficiently.

= Event generation: proton-proton collisions at 13 TeV with Madgraph+Pythia.

. But... how can we turn them into anomaly detectors and how good are they?
= Detector simulation: simplified card for ATLAS detector at CERN with Delphes 3.

Strategy = Reconstructed particles (objects): jets, b-tagged jets, charged leptons, photons.
. Adaptation of 2-3 different classifier architectures with 3 methods to detect anomalies.

= Low level variables: object type, the four-momentum of the objects and the
missing transverse momentum of the event.

. No network optimisation (or minimal) was performed to avoid biases.

x Taking the average of scores from different hyperparameter choices. /
Networks implementation taken from [2]
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Deep Support Vector Data Description (dSVDD) [3] Deep Robust One-Class Classification (DROCC) [5]
- Add an output layer with certain - Background is assumed to lie in a low- Discriminant distorsion detection (DDD)
' ' , dimensional manifold. : :
dimensions - New technique developed for this study.
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